Abstract-Several methods are available for integrating geophysical, geological, and remote sensing data sets and also for integrating them with additional information such as newly observed geophysical and geological data. Several published reports discuss successful application of different types of spatial information integration techniques including the geographical information system (GIs). There have also been theoretical developments including Bayesian approach in updating old data sets with newly acquired information. However, weaknesses and problems still exist. Many geological and geophysical data sets often have only partial coverage and in almost all cases have very different spatial resolution. These cause serious difficulties in certain cases. In this research the partial belief function approach is examined as a means to integrate one set of airborne and/or ground geophysical data with other available geological and geophysical data sets, and to update the existing information successively with newly observed data over target areas. In theory, the Dempster-Shafer method appears to be the most suitable method, but in practice several difficulties arise that must be overcome. One of the major difficulties is the dependency of the partial belief function on exploration targets, which can only be defined, at present, in a case-by-case approach.
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In earth sciences, the most widely used digital data sets beside the satellite images include geological maps (lithological and structural), airborne magnetic (total field and gradient) maps, grayity maps (in less extent), and other geophysical data sets (Fig. 1) . Available geological and geophysical maps and remotely sensed image data sets, however, have often very limited coverage in a chosen target area. In this paper, the GIs-type approach of integrating remote sensing and other geoscience data will first be briefly reviewed, and theoretical aspects of the statistical and evidential belief function approaches will be discussed, with examples. An example with real geological and geophysical data sets from northern Manitoba, Canada, has demonstrated that the Dempster-Shafer approach of integrating spatial data can be very effective for resource exploration application.
GIS AND DATA INTEGRATION
A number of recent papers have dealt with GIS as a tool for geological and remote sensing data integration [3] , [4] . Many of the basic functions in GIS such as preparation techniques for remote sensing and geological data inventory, base maps, thematic compilation, and map integration can be utilized directly in geological remote sensing and geological data integration [6] . Some of the technical problems involved in GIs systems, such as sliver errors, resolution inconsistencies, and inconsistent map classes 0196-2892/90/0700-0711$01.00 O 1990 IEEE are now mostly resolved by efficient resampling and advanced interpolation techniques and optimized systematic integration approaches. However, further difficulties do exist: thematic boundary variability, transition zones, and, of course, the dilemma of questionable and missing data. Some difficulties have also arisen in vector and raster representation of data sets and transformation techniques.
These technical difficulties are expected to be ironedout with evolution of the new computer systems and more sophisticated GI §. One of the more serious theoretical problems appears to be precise representation of information on each data set prior to data integration. In GIs, a given plane of data is generally reclassified or generalized before merging. The reclassification or generalization of attributes is itself not a technically difficult process [6] . When it comes to reassigning observed information on each data set, considerable difficulty and misunderstanding exist as to how each class should represent what range of signal power or mapped information. In most GIs's available today, points, lines, and/or polygons represent either a certain information or feature or absence of them. In this approach, any map information is represented as a binary map of ( 0 , 1 ) . This approach poses serious problems for most geophysical survey data, where each contour interval represents a range of particular field values. Another difficulty arises from missing data. If, for example, a geological map shows only 10% outcrop distribution and the rest is covered by glacial deposits, integration of the basement geology with other data must have a formalism to represent the interpreter's ignorance or missed information.
In a recent development called "weights of evidence" mapping, each input map is converted into binary form where the two map classes are determined by the target objectives [3] , [4] . In the binary map analysis, for example, the score for gold occurrence is set to one while nonoccurrence is set to zero, and a GIS system such as SPANS' can be used to integrate geological, geophysical and mineral occurrence data and to evaluate a certain target potential [4] . The weights of evidence modeling and binary map approach is appealing due to its simplicity; however, this method breaks down when the weights of evidence are required for data sets with continuously varying data values or for data sets which do not exist (unsurveyed or unexplored) [4] , [151, 1171.
EVIDENTIAL REASONING AND THE DEMPSTER-
SHAFER METHOD Several methods are available for combining the information content from multiple sources of remote sensing image data and other spatial data such as geological and geophysical data, The Bayesian approach or probabilistic scheme 131, [4] , [14] and the Dempster-Shafer-type orthogonal sum combination rule approach [14] , 1171 appears to be most popular. The applicability of these two schemes in mixed multispectral data situation is reviewed ' Registered@ service mark of the TYDAC Technology Inc. and evaluated by Lee et al. [ 111. In this paper, application of the Dempster-Shafer method for the integration of geological and geophysical data is examined with a real data set.
In the following discussion, digital map inventory preparation (geological and geophysical), creation of a base map, resampling, interpolation, and geocoding are assumed to have been carried out, and theoretical aspects only will be emphasized. It will also be assumed that each plane of information has originated from multiple but disparate sources. The information level of evidences can then either have a varying degree of certainty to several environmental possibilities, or be incorrect or incomplete. If one can assign a degree of belief to each evidence, as in the evidential theory of belief, evidences with a varying degree of certainty can be represented by partial belief functions [ 161.
Suppose environmental possibilities e l , e2, . . . , e, exist such that
Then each proposition is completely defined by the subset of E containing exactly those environmental possibilities where the proposition is true. If, in a given data set, geological formations e, and e, + cannot be distinguished in terms of at least one proposition of interest, they should be replaced by a single environmental element. The proposition: "an ultramafic stock is located at (x, yl" then corresponds to the subset of environmental possibilities, that some kind of ultramafic rock is located at (x, y ). Now a geophysicist can represent one's partial belief through a Bayesian distribution over E. This is done by distributing a unit of belief among the elements of E attributing commensurately greater amounts to the more likely elements. If one designates this distribution by the mapping "dist," then dist: E + LO, 11 c dist (e) = 1 0.
This induces a probability on every proposition X defined over each layer of digital information (Fig. 1) such that, for all X c E,
and it follows that
The problem with this approach is that the geophysicist has to determine a precise probability for every proposition for each map layer no matter how impoverished the evidence. This would not be such a problem if a rich source of statistical data were available for each map layer from which these probabilities could be estimated. Unfortunately, in most cases, each digital information layer of geological and geophysical data base is often incomplete, and the Bayesian statistics tend to prefer disjunction of the mutually exclusive propositions which often results in unrealistic probability of certain propositions.
In the evidential belief function approach, a proposition X is represented by an interval between Spt (X)and Pls (X), where Spt ( X ) represents the degree to which the evidence supports the proposition X , and Pls ( X ) represents the degree to which the evidence remains plausible. This evidential interval is a subinterval of the closed real interval [0, 11. The difference Pls ( X ) -Spt ( X ) represents residual ignorance of the given subset of environmental elements. If one has accurate and exact information, the evidential interval collapses to a point on [ 0, l 3.
The binary map approach of integrating geological data 131, [4] , and many other data integration methods using GIS implicitly assume such hypothetical limits. A unit of belief over a set of propositions can be distributed as a mass distribution where the focal propositions need not be mutually exclusive, such that
Note here that the sum of the mass attributed to propositions that imply X (Spt ( X ) ) plus the sum of the mass attributed to propositions that imply i X (Spt ( X ) ) do not necessarily equal 1.0, since some mass might be attributed to propositions that imply neither.
If rock formations represented by F could be included in the proposition X , an evidential interval can be induced on the probability of X such that
Viewed intuitively, more mass is attributed to the most precise proposition that a body of evidence supports. The Bayesian approach requires that a precise probability be assigned to each evidence (e.g., type of rock), no matter how noisy the data (e.g., uncertainty in identifying the rock types) are and no matter how little statistical data (e.g., insufficient number of outcrops) are available [14] .
In the Dempster-Shafer approach, one computes Spt ( X ) and PIS ( X ) based on an understanding of the propositional dependencies that exist within the environment under study. If a mass is attributed to some proposition X and it is not known whether X implies another proposition 
A n F z = O
Since Dempster's rule is both commutative and associative, the order and grouping of combinations are immaterial. This fact allows results to be obtained through hierarchical combinations of partial results with whatever degree of parallelism, not depending on the nature of map layers.
In the Dempster-Shafer approach, some information as a measure of conflict k can also be provided in regard to gross error during the data integration. The measure of conflict k provides degree to which the combined information or the new compilation map is contradictory toward the propositions. Given several bodies of evidence, one can expect that those containing gross errors will tend to be farther away from the other bodies of evidence than those with measurement errors. One can use a clustering algorithm to sort out those bodies of evidence containing gross errors.
One of the problems with the Dempster-Shafer approach is that one must maintain each body of information independently because of the complexity of the method to combine information correctly with known dependencies. Most remote sensing and geophysical data sets are fortunately evidentially independent, and the problem of overweighting one information or evidence does not require special attention [ 131, [ 141.
IV. TEST EXAMPLES
Four real data sets (airborne EM, airborne total field magnetic, ground EM, and bedrock geology maps) of the Farley Lake area of Manitoba, Canada, were selected for this study. The total study area is approximately 36 km2 and is divided into 100 x 100 pixels (Fig. 2) . The exploration targets chosen were for test purposes only, and they were the iron ore deposit and the base metal deposit. Since no basic theoretical development of the systematic and quantitative geological, geophysical, and statistical information base for mineral exploration was carried out, the statistical assignment of a partial belief function to each information is less exact and may even be arbitrary. However, actual assignment of belief functions to varying degrees of an anomaly or any other specific geophysical information has followed a general empirical approach, based on the theory of mineral deposits. Nevertheless there should not be any confusion in regard to the integration method being proposed in this research.
The airborne EM map (Fig. 3(a) ) covers only about two-thirds of the test area. Only a small portion in the northwest of the study is covered by ground EM survey [5] (Fig. 3(c) ), the rest of the study area is not covered, and consequently no data are available. The geological map (Fig. 3(d) ) again represents only approximate locations of the basement rocks because of thick overburden and lakes. The aeromagnetic total field map has complete coverage of the test area (Fig. 3(b) ).
One of the first steps of integrating different geophysical and geological data sets involves digitizing the map information that is not already in digital form. The next step involves conversion of the digitized information layers into probability distributions. At present, this particular step depends on human experts for quantitative interpretation and assignment of appropriate probability to each information cell. As mentioned before, no systematic statistical representation technique exists for this type of study. However, a review made of several hundred sets of geophysical survey data assessment files indicates that slight changes in probability assignment by different human experts, if they were qualified experts, appears to result in minor changes in the final support map.
The probability ranges assigned to each proposition were based on the authors' intuitive and qualitative knowledge of the theory of mineral deposits. The two important points to be noticed are: first, that probability assignment, or weighting, in another approach, of the efficiency of different information layers for a chosen proposition must be made as carefully as possible; and secondly, the probability function assigned for each layer is relative. For the practical robust application of the method being proposed, geologists and geophysicists must develop a systematic methodology for quantitatively deducing information values of each geoscience data set for each chosen proposition. One way of systematically assigning probability or belief can be made by using an expert system, such as p-Prospector [12] for the geological information layer. For geophysical data interpretation, no such expert system is available at present, although an attempt is now being made to develop a geophysical equivalent [ 
11.
In Dempster's rule of combination, it is essential to keep the relative amount of basic probability numbers assigned in a reasonable sequence for each data set. In such a case, one can expect to obtain a reasonable result even when the absolute numbers assigned are not precise. However, algebraic independence of each data set is important in the theory. The linear dependence of different data sets tested in this study has not been exhaustively studied, but it was judged not to be a very serious problem. The two propositions tested in this study are 1) an iron ore deposit present, and 2) a base metal deposit is present. The probability figures committed to these propositions from each data set are listed in parts a) and b) of Tables I-IV. The results of integrating these four data sets using Dempster's rule of combination are plotted in grey level and color plots (Figs. 4-7) . The total belief plot represents the pooling of individual beliefs committed to the chosen exploration targets from each data set. The highest support obtained for "iron formation" is located at the midwest part of the test area (Fig. 4(b) ), in which location pyrrhotite ( >95%) was found by drilling. The lowest support is located in the lake areas and in the areas with evidence of less likelihood or no information. Fig. 4(a) shows the support distribution for a base metal deposit. The most favorable area for base metal predicted by the pooled belief is located in the vicinity of the upper left comer, where anomalies of ground EM were observed and in the east part of the test area where anomalies of airborne EM were recorded.
A disbelief map shows the degree to which the proposition cannot be believed by the evidences. The highest disbelief for iron formation deposit is located in the southeast part of the test area and, for base metal, is located in the area where no anomalies of ground EM or airborne EM was detected (Fig. 5 ) . The ignorance plots show the degree to which the proposition is uncertain. The higher ignorance represents the fact th evidence or less efficient evidence exists for the position. Usually, the areas of high ignorance req rther survey or further examination. The highes e is in lake areas or areas with no data for either proposition (Fig. 6) . Plausibility i s defined as the mathematical sum of support and ignorance. It can in reality be interpreted as an upper boundary of probability for the given proposition in each case. The high plausibility areas can, in practice, be interpreted as areas with conditionally high support that require more information. Because of the lack of ground INS ON GEOSCIENCE AND REMOTE SENSING, VOL 28, NO 4, JULY 1990 data over lakes in the study area, the high plausibility areas are located in the lake areas, as shown in Fig. 7 .
V. DISCUSSION AND CONCLUSION
In the Dempster-Shafer approach of integrating information, one must first be able to reason over possibilities and also about the interrelation between several sets of available information. The human perceptualireasoning system already has a multisensor data integration capability embedded in it. With this capability, an explorationist (geologist or geophysicist) can actively cue sensors and a personal knowledge base, seeking confirmation and/or refuting evidences related to the exploration target entities.
In geophysical, geological, and remote sensing tasks, many data sets are incomplete a statistically unbalanced, even though the rate of inc se in the volume of newly available data is alarmingly high. One approach to solving this problem will be a planned interactive approach of exploration, which is, at present, practically impossible. The Dempster-Shafer approach provides an optimal theoretical basis for integrating remote sensing, geological, and geophysical data sets. The straightforward approach of the GIS technique, the binary map approach [3] , [4] , fuzzy logic [l] , and the Bayesian approach of updating old data sets [ 3 ] , [4] , [15] are also valid and will provide a methodology, but the choice should be made by the user depending on the expected accuracy of the expected outcome and exploration objects. As demonstrated with test data sets, the DempsterShafer approach has clearly outlined the most probable exploration target area. Moreover, a small iron ore deposit was found under thick overburden in the case of the iron ore proposition example, and, similarly, a gold ore showing and a massive pyrrhotite body have been discovered in the "base metal" proposition example. One of the difficulties, however, of applying the Dempster-Shafer approach in geological/geophysical remote sensing lies in the variation of the evidential belief function which depends critically on the final exploration target.
